University of Montana

ScholarWorks at University of Montana
Graduate Student Theses, Dissertations, &
Professional Papers

Graduate School

2022

CALL YOUR ELECTED OFFICIALS: IDENTIFYING PREDICTORS
AND AUDIENCES FOR COLLECTIVE CLIMATE ACTION
Nathan Scott Bender

Follow this and additional works at: https://scholarworks.umt.edu/etd
Part of the Civic and Community Engagement Commons, Other Communication Commons, Other
Political Science Commons, Politics and Social Change Commons, and the Public Relations and
Advertising Commons

Let us know how access to this document benefits you.
Recommended Citation
Bender, Nathan Scott, "CALL YOUR ELECTED OFFICIALS: IDENTIFYING PREDICTORS AND AUDIENCES
FOR COLLECTIVE CLIMATE ACTION" (2022). Graduate Student Theses, Dissertations, & Professional
Papers. 11915.
https://scholarworks.umt.edu/etd/11915

This Thesis is brought to you for free and open access by the Graduate School at ScholarWorks at University of
Montana. It has been accepted for inclusion in Graduate Student Theses, Dissertations, & Professional Papers by
an authorized administrator of ScholarWorks at University of Montana. For more information, please contact
scholarworks@mso.umt.edu.

CALL YOUR ELECTED OFFICIALS: IDENTIFYING PREDICTORS
AND AUDIENCES FOR COLLECTIVE CLIMATE ACTION
By
NATHAN SCOTT BENDER
Bachelor of Science in Business Administration, University of Montana, Missoula, Montana,
2012
Bachelor of Arts in Psychology, University of Montana, Missoula, Montana,
2012
Thesis
presented in partial fulfillment of the requirements
for the degree of
Master of Science
in Resource Conservation
The University of Montana
Missoula, MT
May 2022
Approved by:
Scott Whittenburg, Dean of The Graduate School
Graduate School
Dr. Alexander L. Metcalf, Co-Chair
Department of Society and Conservation
Dr. Justin Angle, Co-Chair
Department of Management and Marketing
Elizabeth C. Metcalf
Department of Society and Conservation
John Chandler
Department of Management and Marketing

Bender, Nate, M.S., Spring 2022

Resource Conservation
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Influential climate action in the United States is beyond the scope of individual actions,
and instead requires collective action. This challenges governmental agencies and NGOs to
promote enough collective action to inspire systemic change. Though decades of social research
have identified broad trends in the drivers of this collective climate action, predictors of specific
actions vary across individuals and contexts, and existing theory does not fully account for these
shifting relative contributions. Additionally, the scale and urgency at which we must address
climate change requires understanding and motivating climate action at all scales, from broad
trends to predictors of specific action. Contacting elected officials to urge climate action is one
such example of a climate collective action problem, because one call is unlikely to inspire
change, but enough calls might. To facilitate efficient promotion of this climate action, I
analyzed a national sample of U.S. adults to identify predictors for contacting elected officials
about climate change and used these results to create behaviorally-oriented audience segments. I
discuss how these analyses inform strategies for targeting unique groups with tailored
communications to more effectively achieve climate action at systemic scales.
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Chapter One
Overview of a climate change collective action campaign
Climate change is an urgent existential threat driven by human actions (Langsdorf et al.,
2022). Independent lines of research into varied biophysical processes show irrefutable evidence
that we are changing Earth’s climate at a massive scale, and the scientific consensus on the issue
is settled (Cook et al., 2016). The scale of these changes is unprecedented, as is the rate:
evidence shows our current global warming is roughly ten times faster than historical warming
following ice ages (Mann et al., 2008). Yet the root of this unprecedented change is not a
biophysical problem, but rather a social one (Grundmann, 2016). We now urgently need to scale
up mitigation actions globally if we are to avoid these catastrophic impacts.
These actions to reduce carbon emissions are needed at every level, from individuals to
large corporations to systemic social change. However, not all actions are equally influential in
reducing emissions. Only one hundred companies are responsible for 71% of the world’s carbon
emissions over the last thirty years (Griffin, 2017); individual actions are insignificant compared
to that scale. Clearly, individual actions to drive or fly less, for instance, play a substantially
smaller role in global emissions than systems-level efforts such as state and federal policy, legal
structures (such as B Corp designations), and private enterprise committing to sustainable
business practices.
Through collective action, however, individuals can magnify their voices to pressure
influential decision-makers for systemic change (Bamberg et al., 2015; Masson & Fritsche,
2021). And broadly, researchers in social psychology and climate action have done
commendable work demonstrating the conditions that determine this collective action for
societal change (Barth et al., 2021; Rees & Bamberg, 2014; Verıssimo, 2019).
Yet collective climate action is stymied by both structural societal barriers and human
psychology. With the first, effectively addressing climate change requires systemic change
across all levels of society. Unlike other environmental issues like addressing the ozone layer
where phasing out the culprit chemicals did not disrupt global economics (Albrecht & Parker,
2019), human society writ large is deeply dependent on fossil fuels. Overcoming this dependence
is a multi-layered, contentious process of power and politics (Goldman et al., 2018; Hafner et al.,
2019).
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Secondly, climate actions are often stymied by the very nature of climate change as a
wicked, long-term issue at odds with how human psychology is wired to respond to threats
(Clayton, 2019; Gifford, 2008). For instance, we struggle with uncertainty, assign more weight to
the present than the future through temporal discounting, gravitate towards information that
confirms our existing beliefs, and are swayed in thought and action by group dynamics like
political or religious ideology (Pearson et al., 2016; van Vugt et al., 2014a).
Given the scale and urgency of climate change, and the need to collectively pressure for
substantial societal changes, additional research must address actual behavior change (Ockwell et
al., 2009). One such individual action that can catalyze institutional action is contacting elected
officials — through phone, letter, email, or in-person meeting (Naurin & Öhberg, 2013). Miler
(2010) describes how constituent communication works in part by making previously unknown
segments of the legislator’s district more visible to the legislator; “perceived constituents
matter.” Additionally, research also shows how political institutions are a critical piece of
addressing “large-scale” collective action problems such as climate change (Jagers et al., 2020).
Establishing causality in politics is famously difficult (e.g., Fowler et al., 2011). Still,
evidence shows these actions can be a particularly effective form of constituent communication,
and that the more effortful in time and psychological cost, the more likely the action is to
influence the official. Broadly speaking, phone calls are more effortful and therefore influential
than emails, which are respectively more influential than social media messages (Chen et al.,
2018).
Moreover, contacting elected officials is widely cited by lobbying groups, environmental
organizations, and news outlets across the private sector as an influential citizen action (Schulz,
2017; Victor, 2016). Two salient examples from recent American politics show the potential for
constituent contact to affect legislator behavior. First, there was an overwhelming public
backlash to Utah representative Jason Chaffetz introducing legislation in 2017 that would
transfer 3.3 million acres from federal to state control; the bill was quickly abandoned (Eilperin,
2017; Nie & Kelly, 2018). Secondly, legislators introducing the Stop Online Privacy Act and
Protect IP Act (SOPA / PIPA) bills in 2012 generated an overwhelming outpouring of public
opposition; again, both bills were indefinitely shelved (Matter & Stutzer, 2019).
Despite this evidence and widespread acceptance among practitioners, contacting elected
officials is a relatively rare individual behavior; only 8% of registered U.S. voters reported
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having contacted their elected officials in the year leading up to March 2021 (Carman et al.,
2021). Further, not everyone has the same ability or likelihood to contact their elected officials.
Political science researchers have found that class status affects propensity to contact officials —
the less money, education, or other resources you have, the less likely you are to participate in
any form of democracy, from voting and contacting officials (Laurison, 2016), to participating in
digital activism (Schradie, 2018). Also, higher involvement in party politics predicts higher rates
of contact (Aars & Strømsnes, 2007), and constituents prefer to contact officials of their own
party rather than cross-party officials (Broockman & Ryan, 2016).
Inspiring people to increase their contact with elected officials about climate change is
thus challenging, with individual and collective action dimensions. There are individual
constraints — such as limited time or personal benefits, low belief in your own ability to contact,
low perceived value of climate action or low perceived risk of climate change, and perceived
social norms that are not aligned with the action. Contacting elected officials is also a collective
action problem, because one call is unlikely to inspire change, but enough calls might. Thus,
there are also collective action constraints — social costs such as fear of appearing biased or
unintelligent, perceptions that your group doesn’t have the efficacy to accomplish the goal, not
strongly identifying with the group, or social norms that don’t align with the collective behavior.
Marketing research suggests outreach efforts will be more successful if they include
segmentation and targeting to address these individual and collective dimensions while
respecting different backgrounds and worldviews (Bostrom et al., 2013). In particular,
segmentation is the process of dividing an audience into subgroups based on certain
characteristics and/or actions, while targeting consists of delivering customized interventions to
these specific groups. Together, these are foundational marketing strategies that may increase our
ability to mobilize contact with elected officials.
Additionally, targeting specific groups of people with tailored messages has the potential
for a second-order effect in shaping how people frame climate change in their communications
with elected officials. Tailored messages might not only increase propensity to contact, but also
provide an anchor for how to effectively talk about an issue. Sheffer & Loewen (2019), for
instance, showed how municipal U.S. politicians’ risk-seeking preferences could be manipulated
by framing a scenario as either a potential gain or loss. This is valuable information for climate
activists seeking to disseminate advice on effective ways for constituents to frame their
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communications with elected officials. However, political science lies at a complex intersection
of sociology and behavioral science, and our understanding of political behavior is incomplete
and constantly evolving (Ponte et al., 2018).
Applying these strategies in the climate action space will require us to address a few
nested challenges related to this specific behavior and audience. For example, a successful
campaign will be centered around those variables that promote this specific collective action
behavior. An efficient campaign will recognize that different variables are relevant to different
people and build segments accordingly. Existing approaches leave gaps in a communicator’s
ability to reach the identified segments in the broader world because they are generally based on
psychometric information unavailable for members of the broader public or via marketing
channels (Bostrom et al., 2013), and delivering targeted messages to these segments will require
widely available data on segment membership. Ultimately, effective communications campaigns
for climate activism must identify variables predictive of a target behavior and audience
segments that will respond to specific intervention campaigns based on those variables, deploy
interventions, track effectiveness, and iterate based on intervention efficacy and cost-benefit
ratios.
The goal of this thesis is to explore everything short of delivering interventions, in the
specific context of contacting elected officials to urge climate action. Accomplishing this
requires understanding the relative impact of each variable on the response behavior of
contacting officials, how prevalent each variable is in the U.S. population, and how easily each
might be changed, respectively. This approach follows the community-based social marketing
(CBSM) approach (McKenzie-Mohr & Schultz, 2014), a behavior-change program that
emphasizes community-level collective action with empirical support in recycling (Haghighatjoo
et al., 2020), food waste reduction (Linder et al., 2018), and household energy use (Streimikiene
& Vveinhardt, 2015).
To illustrate, perhaps we find that a sense of group efficacy is highly predictive of
contacting elected officials, while strong perceptions of descriptive social norms are only
moderately predictive. This is impact in the CBSM approach; how strongly explanatory variables
are associated with the target behavior. However, if a factor that is strongly predictive is already
widespread in the target population (penetration), there is limited scope for change relative to
one that is less prevalent. However, for some variables this concept of penetration can cut the
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other way. If wealth and perceived risk are both similarly predictive of a behavior, but everyone
already has money (high penetration), then addressing perceived risk (lower relative penetration)
may have more potential as a successful intervention.
Lastly, in CBSM probability refers to how easily a behavior may be changed. My thesis
builds on this work by applying the same logic to variables that might promote behavior. To
understand these differences, additional secondary research is required to determine any studied
differences in the effectiveness of behavior-change interventions based on the different
explanatory variables included in this study.
Evidence shows that emphasizing aspects of messaging like social norms or a certain
issue framing has reliable yet often modest statistical effects (Cialdini & Jacobson, 2021; Farrow
et al., 2017; Noar et al., 2007). Therefore, scale matters. A small change in a behavior’s
probability may have little to no practical utility at the individual level yet show profound effects
at the population level (Allcott & Rogers, 2014). In sum, our recommendations for significant
variables will be based on how strongly the variable predicts the response behavior, how
widespread (or not) it is in the population, and the strength of evidence for it as a successful
messaging frame for behavior change.
I propose to address these challenges in this M.S. thesis. In Chapter Two I will detail the
extant literature associated with climate activism and use a multiple regression analysis of
national survey data to identify those variables most strongly associated with the behavior of
contacting elected officials. In Chapter Three I will use the model outputs from Chapter Two to
build behavior-change-specific audience segments through a clustering analysis. Lastly, I will
end by discussing ethical considerations in this segmentation approach, as well as opportunities
for future research.
This work is most applicable to climate activists and organizations focused on mobilizing
individuals to contact elected officials regarding climate action. Such organizations can be found
in the conservation space, such as the World Wildlife Fund, The Nature Conservancy, or Rare.
Organizations such as 350.org or the Sunrise Movement that are focused on climate justice could
also benefit, and as well as organizations like Citizen’s Climate Lobby or Protect Our Winters
that focus on mobilizing individuals to take political climate action. Collectively, these
organizations face similar challenges in effectively mobilizing large audiences for different
forms of climate action. This work helps with findings related to the specific action of contacting
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elected officials, and can also be useful as an overall framework for analyzing the predictors and
audience segments related to other forms of collective climate action.
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Chapter Two
Call Your Elected Officials: How Social Norms, Perceptions, and Community Discussion
Relate to Collective Climate Activism

Abstract
Influential climate action in the United States is beyond the scope individual actions can
reach; it requires collective action. This challenges governmental agencies and NGOs who seek
to motivate collective action across a range of climate actions. Though decades of social research
have identified broad trends in the drivers of both awareness and collective climate action,
predictors of specific action are variable across individuals and contexts, and existing theory
does not fully account for these shifting relative contributions. Additionally, the scale and
urgency at which we must address climate change shows the importance of understanding
climate action at all scales: from broad trends to predictors of specific action. Contacting elected
officials to urge climate action is one such example of a collective action problem, because one
call is unlikely to inspire change, but enough calls might. To better understand the drivers of this
collective action, I analyze a national sample of U.S. adults to identify predictors for contacting
elected officials. The results suggest that efforts to increase contact with elected officials should
promote positive social norms, build perceptions that political activism is attainable, highlight
personal climate impacts, and encourage interpersonal communication on the issue. Researchers
have responded with decades of valuable research that identifies important predictors for
engagement with climate change across a variety of contexts; this research advances that
knowledge by suggesting the relative contributions of those predictors in a specific, important
form of collective climate action.
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Introduction
Climate change is not simply a biophysical problem, but an inescapably social one
(Grundmann, 2016). Meeting this challenge means globally achieving benchmarks like the Paris
climate conference goal of restricting global warming to 1.5°C. This can only be realized by
reducing total carbon emissions across the globe by 80% before 2050. This level of emissions
reduction is far beyond what individual actions can accomplish; instead, societies themselves
must change through high-leverage action in the form of policy, legal structures such as B Corp
legal designations, and private business practices.
Although changes to individuals’ emission-generating behaviors will be insufficient to
address the climate crisis, individual demands for policy changes are essential to inspire systemic
change (Ockwell et al., 2009). One such individual action that can catalyze institutional action is
contacting elected officials — through phone, letter, email, or in-person meeting (Naurin &
Öhberg, 2013). Miler (2010) describes how constituent communication works in part by making
previously unknown segments of the legislator’s district more visible to the legislator.
Legislators are cognitive misers like all other humans, and the accessibility of constituent groups
in the legislator’s mind can affect legislative behavior — not all constituents matter equally;
“perceived constituents matter” (Miler, 2010; Tversky & Kahneman, 1973).
Political causality is difficult to establish precisely (Fowler et al., 2011). However, some
moments in American politics appear to show the influence constituent contact can have on
legislative behavior. In 2017, as part of a broader Republican trend to transfer control of federal
lands into state ownership, Utah state representative Jason Chaffetz introduced a bill that would
transfer 3.3 million acres across ten western states from federal to state control (Nie & Kelly,
2018). The bill was met with strong public opposition, and Chaffetz quickly withdrew the bill,
citing objections from constituents (e.g., Eilperin, 2017). A second example comes from 2012
when a groundswell of public opposition formed to the Stop Online Privacy Act and Protect IP
Act (SOPA / PIPA) and both bills were shelved. Reviewing the influence of public attention on
the legislation, Matter & Stutzer (2019) note “public attention to a policy issue as a crucial
condition affecting whether legislators cater more to IG [interest groups] or to their
constituency.”
In addition to this evidence, contacting elected officials is also widely cited anecdotally
by lobbying groups, environmental organizations, and news outlets across the private sector as
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an influential citizen action (Schulz, 2017; Victor, 2016). Despite this, it’s rare for Americans to
contact their elected officials; only 8% report doing so in the year leading up to March 2021
(Carman et al., 2021).
Concerning contacting elected officials to urge institutional climate action, there are a
diverse set of potential factors identified in the literature which might promote this behavior. Yet
there is only preliminary understanding of the relative importance of each and the contextual
conditions affecting their impact. To contribute to this understanding, I selected a range of
variables previously identified as associated with this behavior or more general climate activism
and analyzed their predictive value using logistic regression.

Background
Americans who think climate change is happening outnumber those who think it is not by
a ratio of more than 6 to 1 (76% to 12%), 70% of Americans are at least “somewhat worried”
about climate change, and more than half (55%) think people in the U.S. are being currently
harmed by climate change (Leiserowitz et al., 2021). Yet despite this high awareness, a wellknown intention–action gap remains (Renz & Böhm, 2020; Webb & Sheeran, 2006; Webler &
Doherty, 2016).
Measures of interpersonal climate change communication illustrate this gap well. For
instance, only a quarter of Americans discuss climate change with their social circle occasionally
or often, fewer than half (48%) feel that their social circle expects them to take action, and only
38% say that their social circle is taking any climate action (Leiserowitz et al., 2021). In the U.S.,
contacting elected officials is even rarer in recent years — only 8% of registered voters report
having done so in 2020-2021 (Carman et al., 2021), 13% in 2019-2020 (Leiserowitz et al., 2020),
and 11% in 2018-2019 (Leiserowitz et al., 2019). Moreover, the overall contact rate hides
significant differences along political party lines. Contact rates vary significantly between
Democrats and Republicans: 15% of all registered Democratic voters report having contacted an
official to urge climate action in 2020-2021, while only 5% of Republicans have done so
(Leiserowitz et al., 2021). More work is needed to translate broad awareness, worry, and
perceived risk into actions demanding systemic change.
Concerning contacting elected officials to urge institutional climate action, there are a
diverse set of potential factors identified in the literature which might promote this behavior. Yet,
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like the more general drivers of climate activism discussed above, there is only preliminary
understanding of the relative importance of each and the contextual conditions affecting their
impact. For example, Ballew et al., (2019) show how racial or ethnic identity can affect the
propensity to contact elected officials; Roser-Renouf et al., (2014) show how self-identity, selfefficacy, perceptions of group efficacy, and amount of interpersonal climate change discussion
also significantly affect contact propensity; and both political ideology and perceptions of media
bias differentially affect contact propensity for groups along the U.S. political spectrum
(Feldman et al., 2017).
This approach has succeeded in generating a diverse and creative understanding of
factors associated with climate activism, often informed by social theory. From a theoretical
standpoint, we don’t know which theories do the best job of explaining climate activism
behavior because studies often use a single theoretical foundation rather than comparing multiple
theories. From a practical standpoint, different factors are derived from unique theories,
sometimes via different conceptualizations and operationalizations (Chung & Rimal, 2016),
which has limited direct comparisons of relative impact. There is a need to better understand the
relative importance of these factors regarding specific climate activism. For instance, under what
conditions does group identity play a stronger role than other important factors such as social
norms, personal identity, or self-efficacy? With limited resources for climate activism outreach
and given the urgency of climate mitigation and adaptation, this additional analysis can help
identify the most effective points of leverage towards specific climate activism in a way that is
immediately valuable for climate activists looking to mobilize more contact with elected
officials.
Researchers focusing on the human dimensions of climate change have demonstrated
across a variety of studies how our attitudes, beliefs, social norms, and actions regarding climate
change are shaped. Examples of this work include how perceptions of self-efficacy can help
people move from completing easier pro-environmental behaviors to completing more difficult
ones (Lauren et al., 2016); how beliefs, perceptions of group efficacy, and level of interpersonal
discussion on climate change affect propensity to engage in climate change activism (RoserRenouf et al., 2014); how positive descriptive social norms can increase propensity for climate
activism (Webler & Doherty, 2016); and how different strategies may be needed to promote
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enduring engagement with climate change rather than short-term behavior change (Goldberg et
al., 2020).
Most studies are grounded in social theory; however, some are not (e.g., Ballew et al.,
2019), and while some take the opportunity to compare the relationships among different
theoretical constructs (e.g., Klöckner, 2013), the bulk of these studies adopt one theoretical
perspective and ignore potentially important dimensions from complementary theories. So, while
several variables associated with climate activism behaviors have been identified, no
comprehensive evaluation exists to show their relative contributions when tested against each
other and under what conditions of context and different response variables these relative
contributions might shift. Here, I seek to advance the literature towards a more comprehensive
evaluation of climate activism predictors in the specific context of contacting elected officials.
Research Question
While controlling for all other variables, which explanatory variables — drawn widely
from a variety of studies and theories — are most strongly associated with the specific climate
activism action of contacting elected officials?

Methods
Data Collection
I collected data for this study using an online survey administered in August 2020
through a private market research services vendor, Dynata, to an online panel of U.S. adults ages
22-70. Dynata markets their online panel product as nationally-representative, though research
shows the composition and representativeness of these commonly used online panels can vary
(Kimball, 2018). To check data representativeness, I compared it to the U.S. Census to
understand in what ways the sample reflected or deviated from the US population. The data were
similar in age, gender, political affiliation, marital status, and homeownership, but tended to be
more educated than the general U.S. population, and non-white races and ethnicities were underrepresented (Appendix, Table 2.2). Additionally, though Dynata communicated the panel as ages
22-70, the actual age range in the cleaned data was ages 18-75. Based on these differences, I
consider this sample to be a broad, national sample rather than technically representative. I
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developed the survey in conjunction with Perennial, a Minnesota-based climate activism
nonprofit.
The questionnaire contained four main sections: determining response variables of selfreported climate action behavior and future intentions, questions relating to our hypothesized
explanatory variables of climate activism, demographic & psychographic questions, and other
questions outside the scope of this thesis from Perennial. I enlisted two individuals from the
university team and two from Perennial to proofread and check the survey user experience prior
to launch. The survey and all research methods were approved by the University of Montana IRB
on July 28, 2020, and the survey was live from August 3-9, 2020. I ensured data quality by first
omitting respondents who completed the survey in less than five minutes or who indicated that
they had heard of or donated to Perennial, a new organization with no donors.

Response Variable
To track contact with elected officials, I asked respondents how many times in the past 12
months they had “contacted elected officials via mail, email, or phone to urge them to take action
to reduce climate change”. Data was captured in three levels — “never”, “once”, and “more than
once”, but not enough respondents had taken action to support a multi-category analysis of
taking increased action versus only a single contact. Therefore, responses were condensed into a
dichotomous variable that tracked those who had and had not acted.

Explanatory Variables
To test the relative contributions of explanatory variables from a variety of studies and
theories, I included all variables from the Theory of Planned Behavior and the Collective Interest
Model, select variables from the Theory of Normative Social Behavior, and dynamic descriptive
norms, which are relatively new to the literature and currently do not exist in any theory.
I included all variables from the Theory of Planned Behavior (TPB; Ajzen, 1991), as the
TPB is one of the most widely studied social science behavioral theories, with robust evidence in
a variety of contexts including climate action (e.g., Shulman et al., 2017).
I also included all variables from the Collective Interest Model (CIM; Lubell, 2002); the
CIM was created in response to Ostrom’s (1998) call for an empirically tested behavioral model
of collective action and has been successfully used to predict collective action behaviors
12

regarding environmental activism intentions and behaviors (Lubell, 2002), air policy activism
(Lubell et al., 2006), and policy support, environmental political participation, and environmental
behavior (Lubell et al., 2007).
Additionally, following the Theory of Normative Social Behavior (TNSB; Rimal & Real,
2005), I distinguish descriptive and injunctive norms where the TPB posits only subjective
norms. I include three additional explanatory factors from the TNSB that are predictive of
climate action in certain contexts — interpersonal discussion of the target issue, ego
involvement, and media involvement. Interpersonal discussion is defined as how often a
respondent hears climate change discussed in her social circle or by public figures. Ego
involvement is the extent to which one’s identity conforms with a target action, i.e., working to
reduce climate change. Media involvement is the extent to which a respondent hears media
mention the importance of reducing climate change.
Lastly, I added dynamic descriptive norms (Sparkman & Walton, 2017), which are
measures of the perceived rate of change in a descriptive norm. These norms are a relatively new
addition to the literature and are not well understood, but preliminary evidence shows they are
effective in certain situations for encouraging desired behavior that has unfavorable descriptive
norms. For instance, in America, the high level of meat consumption is an entrenched and
problematic environmental issue — calling attention to either the prevailing injunctive or
descriptive norms is unlikely to reduce consumption. Yet, the growing percentage of people
changing their behavior to reduce meat consumption in recent years — the dynamic norm — is
favorable. While national data shows currently there is no widespread dynamic descriptive norm
regarding contacting elected officials, the potential for this to be an influential variable for highcontact-propensity people felt strong enough that it warranted inclusion, based on similar
contexts with other pro-environmental behavior (Mortensen et al., 2017).
In developing the survey, I followed de Leeuw (2015) for questions related to the Theory
of Planned Behavior, Lubell (2007, 2009) for questions related to the Collective Interest Model,
Rimal & Real (2015) for the Theory of Normative Social Behavior additions, Sparkman &
Walton (2017) for dynamic descriptive norms, and finally Ballew (2019) and Doherty & Webler
(2016) for the remaining sociodemographic and psychological measures.
I measured the individual psychological benefits of contacting elected officials through
biocentric and anthropocentric belief scales related to climate change (Dunlap, 2002), I measured
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several additional aspects of climate change beliefs, including perceived risk, perceived personal
harm and harm to future generations, and climate-related worry following de Leeuw (2015) and
the authors previously mentioned in this paragraph.
I measured specific behavioral attitudes with eight adjective pairs (e.g., “useless” and
“useful”) separated by a sliding scale, and asked respondents to use the slider to indicate their
level of agreement between the two words. I also measured perceived behavioral control related
to contacting, and asked respondents to rate the personal and group efficacy of contacting elected
officials, and the competency, responsiveness, and effectiveness of different institutional levels
and private business related to climate change.
I asked respondents whether they perceived injunctive norms (expectations of their
peers), descriptive norms (behaviors of their peers), and dynamic descriptive norms (changes in
peers’ behaviors) regarding contacting officials. I measured interpersonal discussion of the
importance of reducing climate change and how aligned the issue of climate change is with one’s
personal identity by asking a range of questions related to the social benefits connected to
climate action (Ballew et al, 2019; Doherty & Webler, 2016).

Analysis
I performed exploratory factor analyses for variable reduction within each of the
explanatory variables using the fa.parallel function in the psych package (Komperda, 2017) in R
(version 4.1.2; R Core Team, 2022). I found minimum residuals in this function through ordinary
least squares with a varimax rotation, then measured scale reliability for composite variables
using Cronbach's alpha (α) with a cutoff of 0.65 (Beaman & Vaske, 2008). Finally, I completed
the factor analysis by taking the mean of item responses to compute each composite variable (see
Appendix, Table 2.3).
I treated all variables as continuous except for race, gender, number of children, religious
beliefs, marital status, education level, employment status, income, political ideology, political
affiliation, and a question related to beliefs as to the cause of climate change, which were
categorical. Based on the data makeup, race (white/other), gender (male/female), and religious
beliefs (religious, not religious) were condensed to dichotomous variables. All other categorical
variables were condensed into as few levels as the data would support for each. After checking
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for multicollinearity among explanatory variables, I removed political affiliation as it was highly
correlated with political ideology.
I initially built a single logistic regression model with all explanatory variables (n=34) as
the saturated model, without including any interaction terms. I used backward selection,
measuring model fit with the Akaike's Information Criterion (AIC), and sequentially removing
terms until the AIC score could not be reduced further (MASS package, stepAIC function;
Venables & Ripley, 2002). As part of my sensitivity analysis, I repeated this model fitting
process using different random seeds and discovered that some of the terms chosen by the fitting
procedure were highly dependent on the random selection of observations into the training and
testing datasets — setting the arbitrary starting point for random selection would result in
markedly different final models.
To overcome this unwanted variability, I ran 100 simulations of the process, on each
iteration tallying the results of explanatory variables that stayed in the model after backwards
AIC selection. I collected several statistics for these simulations: the total number of simulations
each variable appeared in after backwards AIC selection, mean variable coefficients, minimum
and maximum coefficient values, and mean standard deviation (Appendix; Table 2.1). The
analysis showed two covariates included in all models: the intercept and descriptive norms.
There were two covariates included in 90% to 98% of models. In decreasing order of probability
of inclusion, they are climate change interpersonal discussion & media exposure (98%) and age
(90%). There were six covariates included in 50% to 80% of models. In decreasing order of
probability of inclusion, they are perceived risk (77%), injunctive norms (76%), worldview:
human ingenuity will solve climate change (72%), behavioral attitude: useful/pleasant/sensible
(57%), perceived behavioral control of calling (54%), and perceived harm to future generations
(51%). There was a large gap between perceived harm to future generations (51%) and
behavioral attitude: cool/exciting/easy (33%). All other variables are included in 30% or fewer of
the models. In Figure 1 we see the inclusion fraction by variable.
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Figure 1: Model inclusion fraction across the 100 simulated models, by explanatory variable. On each
simulation, data was randomly split into training/testing sets and an initial saturated model was reduced
using backwards AIC selection within the training data; illustrating how different training/testing splits
would alter each final simulated model.

The instability of wrapper-based approaches for feature selection, such as backwards AIC
selection, in predictive machine learning is well known (Beiman, 1996; Cunningham et al.,
2000). I followed the guidance of Dunne, et al. (2002), aggregating the results of the runs and
choosing the “Top T” features based on the histogram profile. Thus, I chose as my cutoff that an
explanatory variable had to appear in at least half of the simulated models to be included in the
final model. The final model was created using these terms that met the cutoff criteria (Table 1).
I used several tests to assess model fit and accuracy, including Cook’s distance to
examine potential influential observations, variance inflation factors to assess potential
multicollinearity among our explanatory variables, and goodness of fit using the HosmerLemeshow test (ResourceSelection package, hoslem.test function; Lele et al., 2019) across a
range of group numbers (4–15) because the test results are sensitive to group number.
Finally, I used cross-validation to determine how well the final model predicted
individual behavior by splitting the data into training (75%) and testing (25%) data sets using the
R package caret, such that the distribution of the response variable was approximately constant
across the original and split data sets. I used the training data to parameterize the model and the
testing data to determine how often it was able to accurately predict individual behavior. Using
the testing data, I assigned a probability of contact to each respondent. The default in this process
is to classify any respondent who scores 0.5 probability or above as an estimated contactor.
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However, the optimal cutoff probability can vary across different models and data, so I tested the
cutoff across a range of probabilities using the Kappa statistic to determine the optimal value.

Results
I received 1,438 total responses, which narrowed to 1,055 responses after data cleaning.
After creating composite variables and removing all respondents with incomplete data before
analysis, a final sample of 453 responses remained. These complete responses displayed similar
descriptive statistics and contact rate as the incomplete data, indicating a lack of nonresponse
bias. The largest differences between the incomplete responses and the complete responses used
for analysis were in the proportions of people with Caucasian ethnicity (73% to 82%,
respectively), those in the $100k-$150k income range (19% to 27%). And people with
bachelor’s degrees (30% to 37%). All other differences in descriptive statistics were within six
percentage points. Of the final responses, 82 (18%) had contacted officials in the past year while
371 had not.
After the 100 simulations, nine explanatory variables met the standard of appearing in
half of the final models or more (Table 1; for the full list see Appendix, Table 2.1). The final
model included the following explanatory variables: descriptive norms, climate change
interpersonal discussion & media exposure, age, perceived risk, injunctive norms, worldview:
human ingenuity will solve climate change, behavioral attitude: useful/pleasant/sensible,
perceived behavioral control of calling, and perceived harm to future generations (Table 2). The
behavioral attitude: useful/pleasant/sensible variable was a composite variable that indicated the
collective score of three of the adjective pairs used to measure this concept: “useful” as opposed
to “useless”, “pleasant” rather than “intimidating” and “sensible” rather than “foolish”.
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Table 1. Candidate variables that met the criteria for inclusion after simulations.
Number of
Models

Mean
Coefficient

Minimum
Coefficient

Maximum
Coefficient

Mean SD

Fraction of
Models

Intercept

100

-3.97

-8.14

-0.53

1.50

1.00

Descriptive Norms

100

0.92

0.53

1.57

0.28

1.00

Interpersonal Discussion &
Media Exposure

98

0.59

0.31

1.00

0.22

0.98

Age

90

-0.04

-0.06

-0.02

0.01

0.90

Perceived Risk

77

0.76

0.34

1.41

0.32

0.77

Injunctive Norms

76

0.67

0.45

1.17

0.32

0.76

Worldview: Ingenuity

72

-0.45

-0.75

-0.25

0.20

0.72

Behavioral Attitude:
Useful/Pleasant/Sensible

57

0.40

0.25

0.71

0.18

0.57

PBC: Calling Ability

54

0.36

0.23

0.58

0.17

0.54

Future Generations Harm

51

-0.78

-1.24

-0.54

0.38

0.51

Variable

The final model was significantly different (p<0.001) from the null model, suggesting
that the variables were significant predictors of contacting elected officials. None of the 12
Hosmer-Lemeshow tests conducted for the final model were significant, indicating little
evidence of poor model fit, and McFadden's pseudo R2 was 0.32, indicating excellent model fit
(McFadden, 1974).
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Table 2. Scale, coefficient, standard deviation, t-statistic, and p-value of each variable in the final model
predicting contact with elected officials.
α
(numbera
of items)

Scale

Coefficient

SD

T-Statistic

P-Value

Descriptive
Norms

0.94 (8)

1-5

0.86

0.29

2.93

0.003

Behavioral
Attitude:
Useful/Pleasant/
Sensible

0.77 (3)

1-6

0.21

0.17

1.20

0.230

Injunctive Norms

0.98 (8)

1-5

0.61

0.30

1.99

0.047

Perceived Risk

0.91 (3)

1-5

0.43

0.32

1.35

0.180

Interpersonal
Discussion &
Media Exposure

0.79 (3)

1-5

0.46

0.20

2.33

0.020

1-6

0.08

0.16

0.54

0.591

Continuous

-0.03

0.01

-2.15

0.031

Worldview:
Ingenuity

1-5

-0.38

0.20

-1.90

0.057

Future
Generations
Harm

1-4

-0.26

0.33

-0.78

0.438

Type

Variable

Explanatory

Perceived
Behavioral
Control: Calling
Ability
Age

a

Cronbach's alpha (α) and number of items are shown for composite variables.

After testing the kappa statistic across a range of cutoff probabilities, I determined that the
optimal probability was 0.4, so any respondent in the testing data that the model assigned higher than
a 0.4 probability to was predicted to have contacted an official. This cutoff resulted in a Kappa
statistic of 0.56, indicating moderately acceptable interrater reliability (Bajpai & Bajpai, 2015;

Landis & Koch, 1977). I used several tests to assess model fit and accuracy. First, I used Cook’s
distance to examine potential influential observations and found no evidence of influence. I also
looked for issues of multicollinearity among our explanatory variables using variance inflation
factors, all of which were below three and thus showed no evidence of collinearity (Ott &
Longnecker, 2015). Applying the model to the testing data using cross-validation resulted in
prediction accuracy of 87.5%.
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Figure 2. Lift curve of the final model.

Grouping the testing data into tiers by assigned contact probability for each respondent
and plotting these tiers by the fraction of each tier that did contact officials shows that the model
assigns contact probabilities to respondents as would be expected from a well-fitting model: no
one in the two lowest probability tiers has contacted officials, and the rate increases to 9.1%,
18.2%, and 60.9% in the remaining three successively higher-likelihood tiers, respectively
(Figure 2).
As Figure 3 below demonstrates, the predictors with the largest positive effect sizes were
descriptive norms (odds ratio = 1.31–4.25, p<0.01), injunctive norms (odds ratio = 1.0–3.38,
p=0.05), and climate change interpersonal discussion & media exposure (odds ratio = 1.07–2.36,
p=0.02). Additionally, perceived risk (odds ratio = 0.81–2.91, p=0.18), behavioral attitude:
useful/pleasant/sensible (odds ratio = 0.87–1.75, p=0.23), and perceived behavioral control over
calling elected officials (odds ratio = 0.79–1.49, p=0.59), showed positive associations with the
response variable.
Conversely, age (odds ratio = 0.94–1.00, p=0.03), the belief that climate change will
primarily harm future generations of people (odds ratio = 0.40–1.50, p<0.44) and the worldview
measure of belief in the power of human ingenuity to overcome climate change (odds ratio 0.46–
1.02, p=0.09) all showed a negative association with the response variable. However, for the
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positive associations only descriptive norms and climate change interpersonal discussion &
media exposure had confidence intervals that unambiguously showed positive directionality. The
injunctive norms variable was close; but the lower bound of its confidence interval landed on 1,
indicating uncertain directionality. None of the negative associations were unambiguous, though
age and the worldview measure of belief in the power of human ingenuity to overcome climate
change were close, with upper confidence interval bounds at 1.0 and 1.02, respectively.

Figure 3. Odds ratio estimates for parameters in the final model. Black circles indicate odds ratio
estimates and bars denote 95% confidence intervals.

Discussion
Climate change is an existential threat that requires individual contributions to collective
action (Langsdorf et al., 2022). How did the relative influence of explanatory variables from a
variety of social science theories play out for the specific climate activism behavior of contacting
elected officials to urge climate action? We found that social norms, interpersonal climate
change discussion, personal risk, behavioral attitude, and perceived control over the action of
contacting all shape propensity to contact. And conversely, we also find how two beliefs are
negatively associated with contact. The first is the belief that human ingenuity is sufficient to
solve climate change, and the second is the belief that climate change will harm future
generations of people. While broadly in line with existing research on predictors of climate
activism, these results show how the relative contributions of these predictors matter in this
specific context.
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Decades of social research show that people consistently underestimate the power of
social influence on their behavior (Cialdini, 2005). Here, the results add to the evidence that
social influence is a crucial piece of collective climate action. A one-unit increase in descriptive
social norms increases the odds of having contacted an elected official by approximately 2.4
times, holding all else constant — the largest effect size found. Additionally, a one-unit increase
in injunctive norms increases the odds of contact by 1.8 times, and a one-unit increase in amount
of climate change interpersonal discussion increases the odds of contact by 1.6 times, again
holding all else constant for each.
These findings regarding norms and the closely linked concept of interpersonal
discussion show how the people we surround ourselves with affect our climate action. Their
actions and expectations shape our behavior, and the consistency with which social influence
affects individual behavior is matched by only the consistency with which we discount its power
(Keizer & Schultz, 2018; Nolan et al., 2008). These results are also noteworthy because national
measures of injunctive norms, descriptive norms, and interpersonal discussion broadly regarding
climate change (e.g., Leiserowitz, 2021) show that a majority of people do not perceive these
expectations or actions, in the case of injunctive and descriptive norms, and do not take action, in
the case of interpersonal discussion. Yet, the power of social influence lies not in aggregate
perceptions or actual rates of collective behavior, but in our individual perceptions of social
expectations and behavior (Chung & Rimal, 2016; Tankard & Paluck, 2016). Clearly, this social
influence is important for a subsection of our sample that is likely to contact elected officials
and, aligning with Doherty & Webler’s (2016) recommendation, suggests an important way to
engage with this high-contact-propensity segment of society.
Perceiving risk from climate change was also positively associated with contacting
officials, which aligns with literature highlighting how personally relevant climate impacts can
be an effective frame for mobilizing climate action (Broomell et al., 2015; Zanocco et al., 2019).
A one-unit increase in perceived risk from climate change increases the odds by 1.6 times,
holding all else constant. Yet messaging framed in terms of risk should be approached with
caution, as related findings from the literature of health behavior change suggest that
highlighting perceived vulnerability can backfire, leading respondents to be less likely to enact
the target behavior (Bostrom et al., 2013; Noar et al., 2007).
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The behavioral attitude: useful/pleasant/sensible variable helps summarize a person’s
beliefs about the positive and negative consequences associated with a behavior. While it’s not
possible to invent a word to capture these three adjectives collectively, together they indisputably
capture a positive attitude towards contacting elected officials. In accordance with previous
research showing positive attitudes associated with individual pro-environmental behavior
(Bamberg & Moser, 2006) and collective climate action (Bamberg et al., 2015), I found that for
every one-unit increase in this attitude respondents were 1.23 times as likely to contact elected
officials.
Interestingly, the positive association from perceiving risk from climate change not only
doesn’t extend into the future, it reverses. For every additional unit of perceived harm to future
generations from climate change, respondents were 0.77 times, or about three quarters, as likely
to contact elected officials. It is perhaps explained jointly by the importance of a future-focused
temporal orientation as opposed to present-focused in motivating collective climate action
(Geiger et al., 2021; Zhu et al., 2020), as well as how we tend to temporally discount events —
valuing relatively distant, uncertain outcomes occurring in the future less than outcomes
occurring immediately (Critchfield & Kollins, 2001; Palomo-Vélez & van Vugt, 2021).
The other variable negatively associated with contacting officials is a worldview measure
of belief in the power of human ingenuity to overcome climate change (the third negatively
associated variable, age, has both small effect size and a confidence interval that doesn’t give a
clear indication of its directionality of influence). For every one-unit increase in the worldview
measure of belief in the power of human ingenuity to overcome climate change, respondents
were 0.69 times as likely to contact. This is the largest negative association found. This item is
part of the widely used HEP-NEP environmental belief systems scale (Hawcroft & Milfont,
2010), and could be indicative of how different environmental attitudes shape perceptions of
appropriate responses to climate change (Brink & Wamsler, 2019). If one believes that climate
change is a problem best solved through purely technological solutions, it follows that social
actions such as contacting elected officials would be less attractive.
While this study is not a direct test of the Theory of Planned Behavior, Collective Interest
Model, or Theory of Normative Social Behavior, the results show that there is potential to further
refine social science theory to better account for specific forms of collective climate action such
as contacting elected officials. Personal and group efficacy (from the CIM), as well as the
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alignment of personal identity with climate action (TNSB), all show preliminary evidence of
predictiveness with contacting elected officials or other similar forms of climate action (Amel et
al., 2017; Doherty & Webler, 2016). However, these factors are not predictive in the current
study, and it’s unclear what aspect of the target behavior or surrounding contextual conditions
drive this. This study illustrates part of the call for more interconnectedness and coherency in
social science theory to advance solutions in social science (Watts, 2017).
These results shed light on the relative contributions of important predictors for
contacting elected officials to urge climate action. This is crucial information for mobilizing
specific climate activism because even the most worried, motivated individuals regarding climate
change are not necessarily taking action (Leiserowitz, 2021). Mobilizing action in specific,
influential forms of climate activism is a central concern of climate action research, and this
study contributes to behavior change literature as well as communication strategies designed to
encourage citizens to engage in contact with elected officials. This study also advances the
practical work of climate activism organizations such as the World Wildlife Fund, 350.org, or
Citizen’s Climate Lobby that seek to mobilize collective action for conservation, climate justice,
or democratic climate advocacy.

Opportunities For Future Research
A caveat to these findings is their unknown generalizability to the U.S. adult population,
as my surveying approach relied solely on an online panel that was not statistically representative
of the U.S. adult population. Additionally, the relatively small sample size for those who had
contacted officials and systematic sampling bias could have contributed to the apparent
relationships between predictors and the action of contacting elected officials observed in this
study. Further, as this is a correlational study, I can only speculate on the causal effects that
could be identified with experimental designs (Feldman & Hart, 2016; Sparks, 2021).
One opportunity to address the sample size issue is to replicate the findings with a larger
sample. The relatively low rates of contacting officials (only 18% of our sample had contacted)
that this work seeks to address also hamper our ability to make inferences, as the target behavior
makes up a small slice of our sample. We can begin to understand the relative contributions of
explanatory variables in this specific context, but a larger sample would help narrow and clarify
the confidence intervals for several of the explanatory variables that had either upper or lower
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odds ratio confidence intervals near one. This would assist in improving prediction accuracy for
both the magnitude and the directionality of influence.
To build on these correlational results and empirically test for causality, another
opportunity is to test if these predictive variables can serve as the basis for a behaviorallyoriented audience segmentation. Through this regression analysis, we’ve demonstrated the
relative influence of nine explanatory variables on whether people contact elected officials to
urge climate action, and these variables represent different perceptions of social influence,
worldviews, and beliefs. A behaviorally-oriented audience segmentation approach tests if it is
possible to identify different audience segments that view these nine variables in distinct ways. If
so, these segments could inform effective message framing based on the makeup of variables
within each segment, as well as inform a microtargeting approach based on the demographic and
psychographic information also captured in each segment.
Microtargeting is a marketing tactic that uses a variety of publicly available data, such as
consumer behavior or voting patterns, to identify individuals who are more likely to engage in a
particular action. The tactic has exploded in popularity over the last fifteen years due to the scale
and granularity now present in publicly available data and has proven highly valuable in politics
(Schäwel et al., 2021), and business (Erevelles et al., 2016), while calls for its use in climate
communications and related conservation fields are increasing (Bostrom et al., 2013; Metcalf,
Phelan, et al., 2019).
This behaviorally-oriented segmentation and the microtargeting approach it informs
could together be a powerful tool for climate advocates seeking to deliver messages and
resources to exactly the people who need them regarding a specific behavior, thus catalyzing the
most climate activism given available resources. It also raises unique ethical considerations that
such activists should proactively consider. For instance, much climate action work is built on
trusted relationships between public or nonprofit institutions and public stakeholders.
Microtargeting can challenge established protocols for privacy and use of personal information
(Bostrom et al., 2013), and additional interdisciplinary work between climate activists, data
scientists, and ethicists is needed to advance shared goals for collective climate action.
These results demonstrate one example of the complex interplay between
sociodemographic and contextual factors that shape a specific form of climate activism;
contacting elected officials to urge climate action. They suggest that social norms, perceptions of
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behavioral control, behavioral attitude, and interpersonal discussion can all shape propensity to
contact. Conversely, perceptions that climate change is a temporally distant issue or that it can be
solved solely through human ingenuity decrease propensity to contact. This work helps further
our understanding of the relative contributions of these important predictors for a specific form
of climate activism. As our window of time to meaningfully address climate change narrows, the
need for individuals to magnify their impact as collective pressure for systemic change grows
more important by the day. Researchers have responded with decades of valuable research that
identifies important predictors for engagement with climate change in a variety of ways. This
research advances that knowledge by suggesting the relative contributions of those important
predictors in a specific, important form of collective climate action.

26

Appendix Two
Table 2.1: Full list of explanatory variables after logistic regression simulations.
Number of
Models

Mean
Coefficient

Minimum
Coefficient

Maximum
Coefficient

Mean SD

Fraction of
Models

Intercept

100

-3.97

-8.14

-0.53

1.50

1.00

Descriptive Norms

100

0.92

0.53

1.57

0.28

1.00

Interpersonal Discussion &
Media Exposure

98

0.59

0.31

1.00

0.22

0.98

Age

90

-0.04

-0.06

-0.02

0.01

0.90

Perceived Risk

77

0.76

0.34

1.41

0.32

0.77

Injunctive Norms

76

0.67

0.45

1.17

0.32

0.76

Worldview: Ingenuity

72

-0.45

-0.75

-0.25

0.20

0.72

Behavioral Attitude:
Useful/Pleasant/Sensible

57

0.40

0.25

0.71

0.18

0.57

PBC: Calling Ability

54

0.36

0.23

0.58

0.17

0.54

Future Generations Harm

51

-0.78

-1.24

-0.54

0.38

0.51

Behavioral Attitude:
Cool/Exciting/Easy

33

-0.31

-0.46

-0.22

0.15

0.33

Dynamic Descriptive Norms

29

-0.58

-0.82

-0.44

0.31

0.29

Behavioral Attitude:
Admirable/Good

28

-0.22

-0.33

-0.15

0.11

0.28

Injunctive Norms:
Motivation to Comply

26

-0.31

-0.47

-0.21

0.16

0.26

Personal Harm

25

0.51

0.36

0.80

0.27

0.25

Employment: Other

24

-1.18

-1.55

-0.90

0.58

0.24

Employment: Retired

24

0.14

-0.47

0.64

0.48

0.24

Group Efficacy: Inst.
Competency/Responsiveness

22

-0.60

-0.85

-0.38

0.30

0.22

Children: None

20

0.98

0.77

1.36

0.54

0.20

PBC: Easy to Call

19

-0.35

-0.46

-0.27

0.20

0.19

Worldview: Right to Modify

18

-0.36

-0.68

-0.24

0.20

0.18

Ideology: Conservative

18

-1.04

-1.92

0.10

0.54

0.18

Ideology: Moderate

18

-0.19

-0.92

1.02

0.49

0.18

Income: 100-150k

16

0.17

-0.68

1.03

0.49

0.16

Income: 150k+

16

-0.95

-2.03

0.18

0.55

0.16

Worldview: Gov Should Do
More For People

12

0.39

0.27

0.51

0.23

0.12

Variable
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Worldview: Need More
Equity

11

-0.36

-0.56

0.31

0.23

0.11

Worldview: Impotent

10

0.30

-0.34

0.45

0.20

0.10

Gender: Female

9

-0.36

-0.81

0.67

0.40

0.09

Contacting Officials is
Effective Climate Action

6

0.18

-0.50

0.62

0.25

0.06

Group Efficacy: Institutional
Effectiveness

4

-0.21

-0.50

0.47

0.22

0.04

Race: Other

4

1.18

0.85

1.92

0.57

0.04

4

-0.43

-0.56

-0.38

0.25

0.04

3

-0.36

-0.38

-0.33

0.22

0.03

Education: Bachelor’s degree

3

-0.73

-0.94

-0.62

0.49

0.03

Education: Graduate Degree

3

-1.31

-1.55

-1.08

0.55

0.03

Marital: Divorced/Widow

2

-0.90

-0.91

-0.89

0.82

0.02

Marital: Single

2

-0.95

-0.95

-0.95

0.50

0.02

Not Religious

2

-0.02

-0.65

0.61

0.44

0.02

CC Mostly Human Caused

1

1.61

1.61

1.61

0.62

0.01

CC Mostly Natural

1

0.04

0.04

0.04

0.85

0.01

CC Natural & Human

1

0.71

0.71

0.71

0.73

0.01

CC is Not Changing

1

1.18

1.18

1.18

1.04

0.01

Worldview: Subject to Laws
of Nature
Descriptive Norms: Role
Models
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Table 2.2: Comparison of U.S. population and survey sample statistics.
Metric

US Population Estimate

Survey Data

Age (18 and
older)

49.10%

100%

Females 18 and
older

51.60%

47.6%

Males 18 and
older

48.40%

52.40%

Republicans

28%

30.20%

Independent

38%

31.40%

Democrats

29%

30.80%

55.10%

55.30%

Married

52.3% (>15yrs old)

61.9% (>18yrs old)

Widowed

5.6% (>15yrs old)

10.1% (>18yrs old)

Divorced

9.7% (>15yrs old)

10.1% (>18yrs old)

Never married

32.4% (>15yrs old)

28.1% (>18yrs old)

HS/GED

28.30%

10.30%

Some college, no
degree

18.00%

17.20%

Associate’s
degree

9.80%

8.90%

Bachelor’s
degree

21.30%

36.60%

Graduate/Professional
degree

12.00%

26.30%

Employment Population ratio

Homeownership
Rate – not the same metric

67.9% (owner occupied
homes/occupied homes)

83% (respondents who own their
home)
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Table 2.3: Descriptive statistics for all survey items and factor loadings for all composite variables.
Composite variable and nested items
Descriptive dynamic norms

Mean
2.9

SD
0.8

The percentage of adults in the United States who contacted
elected officials to urge them to take action to reduce climate
change is... [increasing-decreasing]

3.0

0.8

The percentage of adults in the United States who contact elected
officials to urge them to take action to reduce climate change is...
[increase-decrease]

3.2

0.8

Descriptive Norms

Factor Loading

1.7

0.9

To what extent do you think that each of these groups ARE
CONTACTING (writing letters, emailing, or calling) their elected
officials to urge action on reducing climate change? [Parents]

1.6

1.0

0.885

Spouse / significant other

1.6

1.0

0.891

Children

1.7

1.1

0.871

Other family

1.7

1.0

0.900

Friends

1.8

1.0

0.897

Coworkers

1.8

1.0

0.887

Recreation Partners

1.7

1.0

0.919

Faith Community

1.8

1.0

0.907

3.5

1.3

How likely are you to consider each of these groups as behavioral
role models? [Parents]

3.7

1.8

0.705

Spouse / significant other

3.8

1.7

0.794

Children

3.9

1.8

0.806

Other family

3.3

1.6

0.819

Friends

3.3

1.5

0.853

Coworkers

3.6

1.8

0.785

Recreation Partners

3.4

1.6

0.845

Faith Community

3.8

1.8

0.786

Descriptive Normative Beliefs

Injunctive Norms

0.97

0.94

1.8

1.0

To what extent do you think that each of these groups EXPECT
YOU to contact (writing letters, emailing, or calling) your elected
officials to urge action on reducing climate change? [Parents]

1.9

1.1

0.896

Spouse / significant other

1.9

1.1

0.909

Children

2.0

1.1

0.863

Other family

1.9

1.1

0.921

Friends

1.9

1.1

0.950

Coworkers

1.9

1.1

0.909

Recreation Partners

1.9

1.0

0.931

Faith Community

2.0

1.1

0.901

4.4

1.7

How motivated are you to comply with the expectations of each of
these people? [Parents]

5.0

2.5

0.696

Spouse / significant other

5.0

2.4

0.777

Children

5.1

2.5

0.768

Other family

4.3

2.3

0.826

Injunctive Normative Beliefs
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Cronbach α /
Spearman's
Rho
0.71

0.98

0.94

Frequency

Friends

4.3

2.2

0.815

Coworkers

4.7

2.5

0.796

Recreation Partners

4.5

2.4

0.832

Faith Community

5.0

2.6

0.761

2.4

1.0

How often do you hear [your friends, family, and coworkers] talk
about the importance of reducing climate change?

2.0

1.2

0.637

Public figures whom you respect

2.3

1.3

0.884

About the importance of reducing climate change in the media?
(TV, movies, radio, newspapers/news websites, magazines, etc.)

2.8

1.4

0.737

Interpersonal climate change discussion & media exposure

Perceived Risk

0.79

3.2

1.2

How important is [climate change] to you today?

3.5

1.4

0.651

How important is the issue of climate change to you personally?

3.3

1.3

0.854

How worried are you about climate change?

2.9

1.0

0.664

Group Efficacy – Ability to effect change

0.91

3.4

1.1

Federal government

3.4

1.3

0.798

State government

3.4

1.2

0.894

Private businesses

3.5

1.2

0.885

Non-governmental organizations

3.4

1.1

0.835

Group Efficacy – Competency & responsiveness

0.93

2.8

0.8

Federal government competency

2.5

1.2

0.765

State government competency

2.9

1.0

0.673

Private businesses competency

2.9

1.0

0.713

Non-governmental organizations’ competency

3.1

1.0

0.437

Federal government responsiveness

2.5

1.2

0.762

State government responsiveness

2.9

1.1

0.734

Private businesses responsiveness

2.9

1.0

0.725

Non-governmental organizations’ responsiveness

3.2

1.0

0.456

2.6

1.4

For me, contacting (writing letters, emailing, phoning my elected
representatives in Congress to urge action on climate change on a
regular basis during the next year would be … [Useful]

2.3

1.7

0.894

Pleasant

2.6

1.6

0.674

Sensible

3.0

1.7

0.681

3.3

1.5

Cool

3.5

1.8

0.565

Easy

3.3

1.9

0.630

Exciting

3.3

1.6

0.621

3.7

1.8

Admirable

3.8

1.9

0.835

Good

3.7

2.0

0.859

How much do you think climate change will harm you personally?

2.5

1.0

How much do you think climate change will harm future
generations of people?

3.1

1.0

Personal efficacy

2.7

1.1

Perceived behavioral control: easy to call

3.1

1.4

Attitude: Useful / Pleasant / Sensible

Attitude: Cool / Easy / Exciting

Attitude: Admirable / Good

Single-item Variables
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0.88

0.80

0.77

0.74

Perceived behavioral control: able to call

3.2

1.5

Worldview: Humans have a right to modify the natural world

2.8

1.2

Worldview: Humans are subject to the laws of nature
Worldview: Human ingenuity will ensure we do not make the
Earth unlivable

3.9

1.0

3.1

1.1

Worldview: It's no use worrying about public affairs; I can't affect
them anyway

2.8

1.1

Worldview: Government should do more to help people

3.5

1.2

Worldview: If people were treated more equally we would have
fewer problems

3.4

1.2

Age

50.3

15.0

Categorical Variables
Race
White

373

Other

80

Gender
Male

234

Female

219

Children
Has children

385

No children

68

Religion
Religious

334

Not Religious

119

Marital Status
Married / partner

282

Divorced / widowed

46

Single

125

Education
Assoc deg. or less

166

Bachelor's deg.

167

Graduate deg.

120

Employment
Work full-time

248

Other

91

Retired

114

Income
Under 100k

234

100k-150k

120

Over 150k

99

Political Ideology
Liberal

129

Moderate

190

Conservative

134

Belief about climate change
Climate is not changing

34

Climate is changing mostly due to natural forces

162

32

Climate is changing due to combination of natural forces and
human activities

76

Climate is changing mostly due to human activities

108

Climate is changing almost exclusively due to human activities

73

Response Variable
In the last 12 months, how many times have you contacted elected
officials via mail, email, or phone to urge them to take action to
reduce climate change?
None

371

Once or more than once

82
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Chapter Three
Developing a behaviorally-oriented segmentation
for contacting elected officials to urge climate action

Abstract
To avoid climate catastrophe, carbon emission reductions are urgently needed at every
level, from individual behaviors and corporate practices to national and international policies.
One important individual behavior that might reduce carbon emissions is collective action, where
individuals magnify their voices to demand systemic change. Contacting elected officials to urge
climate action is one such example of a collective action problem because one call is unlikely to
inspire change, but enough calls might. Those seeking to promote this behavior may achieve
efficiency in their efforts by understanding how people differ in the reasons they may or may not
contact officials and tailoring outreach to help people negotiate their unique constraints. Here, I
use variables predictive of contacting elected officials (Chapter Two) in a cluster analysis to
develop a behaviorally-oriented audience segmentation of US adults to facilitate tailored
outreach strategies. Results indicated three distinct audience segments: the Unlikely to Act, Just
Add Norms, and Ready to Go. Segments varied in their behavioral predictors, sociodemographic
profile, and propensity to contact. After discussing these distinct characteristics of each segment,
I propose initial directions for developing tailored communications specific to each segment to
promote contact with elected officials to urge climate action.
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Introduction
Public polling shows that an ever-larger share of the American public is aware of and
worried about the dire threat of climate change (Leiserowitz, 2021). Yet this awareness and
worry do not reliably translate into action, and globally we are falling far short of the emissions
reductions needed to avert climate disaster (Langsdorf et al., 2022a). Mobilizing climate action is
therefore a crucial concern for scientists and climate activists focused on increasing engagement
in adaptation and mitigation measures.
Climate change is inescapably a social problem caused by human behavior (Grundmann,
2016), so there is value in understanding the substantial variation in attitudes, beliefs, and
behaviors related to climate change. These characteristics of judgment, communication, and
decision-making follow evolved tendencies (Palomo-Vélez & van Vugt, 2021; van Vugt et al.,
2014b), but vary across cultures, groups, and individuals. A message to mobilize climate action
might be enthusiastically embraced by one group yet ignored or met with hostility by another
(Myers et al., 2012). Behavior change outreach efforts may benefit from understanding how
specific messages motivate different people to take climate action and using this information to
strategically promote action across all groups.
One useful approach to accomplish this differential outreach may be the strategy of
segmenting audiences to identify distinctive, homogenous groups of people to whom climate
action advocates could deliver customized messaging specific to their unique characteristics.
This audience segmentation has the potential to increase the efficacy of climate activism, along
with the related tactics of targeting specific sub-populations for communications and tailoring
customized messaging to the targeted population.
Effective communication campaigns in the political (Chester & Montgomery, 2017),
consumer (Liu-Thompkins, 2019), and conservation (Green et al., 2019; Metcalf, Angle, et al.,
2019; Metcalf, Phelan, et al., 2019) fields have used segmentation targeting and tailoring to boost
outcomes relative to investments. Tailored communications are more likely to be read,
understood, recalled, and perceived as credible compared to untailored communications;
preliminary research shows these positive attributes extend to the context of climate change
communications (Hine et al., 2014).
There are two main contemporary approaches to audience segmentation in climate
change communications (Metag & Schäfer, 2018). The first is psychographic segmentation
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analysis, in which researchers create a segmentation based on people’s attitudes towards a
particular topic. This approach creates segments that are homogenous in these attitudinal
variables and is useful for developing communications around broad topics like health (Noar et
al., 2007) and climate change (Hine et al., 2014; Leiserowitz et al., 2021). For instance, the long
running “Six Americas” segmentation is a prominent example of this psychographic
segmentation regarding global warming (Hine et al., 2013; Leiserowitz, 2021; Leiserowitz et al.,
2010). A critique of the psychographic segmentation approach, however, is that segments with
homogenous psychographic characteristics can still display a wide range of actual behaviors
(Metag & Schäfer, 2018; Yankelovich & Meer, 2006).
Thus, the second contemporary variant of segmentation analysis, behavioral
segmentation analysis, attempts to increase behaviorally specific predictive power by
segmenting populations on behavioral data (Hine et al., 2014; Metag & Schäfer, 2018). For
instance, Funk et al., (2021) segmented consumers based on food consumption behaviors to
develop behaviorally-oriented intervention and communication strategies to promote sustainable
food consumption, and Borg et al., (2021) identified behavioral-based segments of plastic
consumers. In the conservation space, Metcalf et al., (Metcalf et al., 2016) identified behavioral
segments of forest landowners based on their propensity to engage in unsustainable management
practices. This behaviorally-oriented segmentation holds promise for helping climate advocates
deliver the messages and resources to exactly the people who need them regarding a specific
behavior, thus catalyzing the most climate activism given available resources. Fully realizing
these benefits will require additional empirical research on what specific messages, messengers,
channels, and other communication factors drive action (Bostrom et al., 2013).
Decades of behavioral theory and evidence show why this behaviorally-oriented
segmentation is important. Human behavior is shaped by internal and external factors such as
worldviews, values, personal identity, social norms, and situational factors outside our control
(Ajzen, 1991). Due to nuances of individual psychology and surrounding contexts alike, these
precipitating factors are all imperfectly correlated with actual behavior (Renz & Böhm, 2020;
Webb & Sheeran, 2006). This helps explain why more Americans than ever believe in climate
change while simultaneously measures of personal environmental behavior and collective
climate activism are stagnant or even decreasing (Carman et al., 2021; Leiserowitz, 2021).
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Matching messages to specific groups can help mobilize climate action but must be done
carefully to not backfire. Using the “Six Americas” segmentation developed by Leiserowitz et
al., (2010), Myers et al., (2012) found that framing climate change as a national security threat
produced reactance or a “boomerang” effect (Byrne & Hart, 2009) among those already doubtful
or dismissive of climate change, while framing the issue as a public health threat provoked
positive emotional responses among all other segments. Additionally, Hine et al., (2013) showed
how a segment with middle-of-the-road engagement on climate change responded positively to
loss avoidance framing rather than framing as a gain, while the most-engaged segment on
climate change responded positively to a collectivist frame rather than individualistic.
Within this broader context of the segmentation approaches regarding climate change
communications, this study aims to segment U.S. adults to develop a description of individuals
who differ in both their predictive factors for contacting elected officials and their propensity for
contact. To do this, I used the set of explanatory variables associated with this specific behavior
(see Chapter Two) to identify audience segments using a k-means cluster analysis. In addition, I
used a set of descriptive sociodemographic and psychographic variables to provide a detailed and
differentiating description of the segments that allows for the practical identification of the
segments outside of this sample and a starting point for customized communications to increase
contact with elected officials.
Research Question
How might we define behaviorally-oriented segments and what are those segments specifically
related to the climate change activism behavior “contacting elected officials”?

Methods
Explanatory Variables
To develop a behaviorally-oriented segmentation for the action of contacting elected
officials regarding climate change, I used the explanatory variables identified in the predictive
model I developed in Chapter Two. That model was developed by polling a broad, national panel
of U.S. adults on questions related to a range of predictive variables identified in the extant
literature as associated with general climate activism. After conducting data cleaning and a factor
analysis to reduce data complexity, I used a combination of logistic regression simulations with
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backwards AIC selection (Venables & Ripley, 2002) to develop a final model. This combination
helps avoid the well-known instability that wrapper-based approaches for feature selection, such
as backwards AIC selection, exhibit (Beiman, 1996; Cunningham et al., 2000).
I set up 100 logistic regression simulations, on each iteration beginning with random
selection of the data into training (75%) and testing (25%) datasets, followed by creating a
saturated logistic regression model and sequentially removing terms until the AIC score could
not be reduced further. After the simulations, I recorded the total number of iterations each
variable appeared in, mean variable coefficients, minimum and maximum coefficient values, and
mean standard deviation. Following Dunne et al., (2002), I chose a subjective cutoff that an
explanatory variable had to appear in at least half of the simulated models to be considered for
inclusion.
Nine explanatory variables met the standard: climate change interpersonal discussion &
media exposure, descriptive norms, injunctive norms, age, perceived risk of climate change,
perceived behavioral control of calling elected officials, behavioral attitude:
useful/pleasant/sensible, perceived harm to future generations from climate change, and finally a
worldview measure of belief in the power of human ingenuity to overcome climate change.
The first variable climate change interpersonal discussion & media exposure is a
composite variable that measured the amount of interpersonal climate change discussion and
exposure to the issue of climate change through the media and public figures. The injunctive
norms (expectations of peers) and descriptive norms (behaviors of peers) items were also
composite variables that asked respondents to rate the level of expectations they felt to contact
elected officials (for injunctive norms) and the extent they believed other people whom they
respected were contacting officials (for descriptive norms). Age was measured as a continuous
variable. Perceived risk was a composite variable that combined measures of general importance,
personal importance, and worry about climate change.
Perceived behavioral control was a single-item variable that measured how able a
respondent felt they were to call elected officials on a regular basis. Behavioral attitude:
useful/pleasant/sensible was a composite variable made up of those three adjectives; eight
adjective pairs were presented in total (e.g., “useless” and “useful”), separated by a sliding scale,
and respondents were asked to use the slider to indicate their level of agreement between the two
words. Perceived harm to future generations from climate change was a single-item variable
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were respondents indicated how much climate change would harm future generations of people.
The worldview measure of belief in the power of human ingenuity to overcome climate change
was a single-item variable where respondents indicated agreement with the idea that human
ingenuity will ensure we do not make the Earth unlivable. I used these nine variables, excluding
interaction terms, to form a final model which passed all validation tests of model fit and was
87.5% accurate in predicting contact with elected officials when cross-validated on the testing
dataset.
Clustering Analysis
I used k-means clustering to develop behaviorally-oriented climate action segments. Kmeans is one of the two most widely used non-hierarchical cluster analysis techniques in climate
change segmentation, the other being Latent Class Analysis (Hine et al., 2014). After
standardizing the variables, I employed several validation measures to identify the correct
number of clusters: the widely used elbow (Yuan & Yang, 2019), silhouette (Rousseeuw, 1987),
and gap statistic methods (Tibshirani et al., 2001), plus the NBClust package in R (Charrad et al.,
2014), which provides a single function for comparing thirty published indices for identifying the
optimal number of clusters. I reduced data dimensionality using PCA analysis to two principal
components and visualized the cluster solution to validate inter-cluster differences along these
two most important dimensions.
After completing the segmentation, I compared the mean values by cluster across the
segmentation variables and sociodemographic characteristics to identify potentially significant
inter-cluster differences that could inform tailored communications (Table 1). Lastly, to provide
more specificity to messaging themes for each cluster, I identified the five respondents with the
smallest Euclidean distance from their respective cluster centroids as the “exemplar” respondents
for each cluster.
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Table 1: Cluster size, number of actual
contacts, scale (in parentheses) and mean
values for each clustering variable.
Variable

Unlikely Ready to Just Add
to Act
Go
Norms

N

147

129

177

Actual
Contacted

0

63

19

Contact Rate

0%

49%

11%

Age

54.65

42.82

52.09

Perceived Risk
(1-5)

1.97

3.72

3.87

Future
Generations
Harm
(1-4)

1.90

3.16

3.70

Worldview:
Ingenuity
(1-5)

3.19

3.44

2.80

PBC: Calling
Ability
(1-6)

2.62

3.70

3.27

Behatt:
Useful/Pleasant/
Sensible
(1-6)

1.42

3.59

2.75

Interpersonal
Discussion
& Media
Exposure
(1-5)

1.69

3.02

2.66

Injunctive
Norms
(1-5)

1.15

3.04

1.50

Descriptive
Norms
(1-5)

1.09

2.89

1.28

Results
The elbow method suggested three clusters (See Appendix, Figure 3.1 for this and all
following validation tests). Secondly, the 30 indices method in the NBClust R package also
suggested 3 clusters. The 30 indices function returns a recommendation based on the clustering
result that received the modal support from the indices; the three-cluster solution received 10
“votes” from the indices. The two-cluster solution received only eight “votes.” The average
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silhouette width method suggested two clusters and the gap statistic suggested seven, diverging
from the previous tests. Lastly, visualization through PCA analysis for the three-cluster solution
showed a clear distinction between the three clusters on these two components that explain the
most variation in the data.
In accordance with the validation measures, I chose a three-cluster solution that showed
differences in segmentation variable responses as well as contact rates across the three clusters
(Table 1). I named each cluster as follows: Unlikely to Act, characterized by the lowest scores
across almost all segmentation variables; Ready to Go, who scored the highest across almost all
segmentation variables, and Just Add Norms, who scored similarly to the Ready to Go cluster
except in their normative beliefs. After creating the clusters, I appended cluster membership for
each row back onto the original dataset of 453 responses and calculated the mean value for each
of the nine segmentation variables to visualize cluster-wise differences in each of these
influential variables. A summary description of each cluster’s key results follows.
Unlikely to Act
The Unlikely to Act (n=147) were characterized by the lowest scores across all the
segmentation variables except for the worldview measure of belief in the power of human
ingenuity, where they scored the second-highest. The discrepancy between the Unlikely to Act
cluster and the other two clusters was particularly stark in perceived risk, perceived harm to
future generations, interpersonal discussion & media exposure to climate change, and behavioral
attitude They also showed a 0% contact rate and the oldest mean age of the clusters (54.7 years).
Of the three segments, they had the highest proportion of people without children (21%) and who
worked full-time (63%). Compared to the other two clusters the Unlikely to Act were more likely
to be liberal (39%) and less likely to be conservative (22%). Table 3.2 in the Appendix details
the full descriptive statistics all three clusters.
The five most representative respondents for the Unlikely to Act cluster are detailed in
Table 2, below.
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Table 2: descriptive statistics for the five most-representative respondents for the Unlikely to Act cluster,
based on respondents’ Euclidean distance to the cluster centroid. Scales for continuous variables in
parentheses.
Variable

Exemplar 1

Exemplar 2

Exemplar 3

Exemplar 4

Exemplar 5

Contacted Representative

No

No

No

No

No

Age

57

52

62

56

64

Worldview: Ingenuity
(1-5)

3.0

3.0

4.0

3.0

3.0

Future Generations Harm (1-4)

1.0

2.0

2.0

2.0

2.0

Perceived Risk (1-5)

2.0

2.0

2.0

3.0

2.3

PBC: Calling Ability (1-6)

2.0

3.0

2.0

3.0

2.0

Interpersonal Discussion &
Media Exposure (1-5)

2.0

1.0

1.3

2.0

1.7

Attitude:
Useful/Pleasant/Sensible
(1-6)

1.3

1.0

1.0

1.0

2.0

Injunctive Norms (1-5)

1.0

1.0

1.0

1.0

1.0

Descriptive Norms (1-5)

1.0

1.0

1.0

1.0

1.0

Race

White

White

Other

White

White

Gender

Male

Female

Female

Female

Female

Children

Yes

Yes

Yes

Yes

No

Religious

Yes

Yes

Yes

Yes

No

Married/
Partner

Married/
Partner

Married/
Partner

Single

Single

Education

Bachelor degree

Associate degree
or lower

Associate degree
or lower

Associate degree
or lower

Graduate degree

Employment

Work full-time

Other

Other

Retired

Retired

Income

Under 100k

Under 100k

Under 100k

Under 100k

Under 100k

Political Ideology

Conservative

Liberal

Moderate

Conservative

Liberal

Marital Status

Just Add Norms
The Just Add Norms cluster (n=177) was characterized by similar scores to the Ready to
Go cluster (below) across all segmentation variables, except for injunctive and descriptive
norms. In comparison to the Ready to Go segment, the values for both injunctive and descriptive
social norms were significantly lower for the Just Add Norms cluster, much closer to the Unlikely
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to Act cluster. Additionally, Just Add Norms were characterized by a relatively low contact rate
(11%) compared Ready to Go, the other segment with any propensity to contact. Compared to
that segment, the Just Add Norms segment only displayed higher scores on two of the
segmentation variables: perceived risk and perceived harm to future generations from climate
change. They had a mean age (52.1 years) similar to the Unlikely to Act cluster and were the only
majority-female cluster (55% female).
The five most representative respondents for the Just Add Norms cluster are detailed in
Table 3, below.
Table 3: descriptive statistics for the five most-representative respondents for the Just Add Norms cluster,
based on respondents’ Euclidean distance to the cluster centroid. Scales for continuous variables in
parentheses.
Variable

Exemplar 1

Exemplar 2

Exemplar 3

Exemplar 4

Exemplar 5

Contacted Representative

No

No

No

No

No

Age

65

43

42

50

55

Worldview: Ingenuity (15)

3.0

3.0

3.0

3.0

3.0

Future Generations Harm
(1-4)

4.0

4.0

4.0

4.0

4.0

Perceived Risk (1-5)

3.7

3.3

4.7

4.7

3.7

PBC: Calling Ability (1-6)

4.0

3.0

4.0

4.0

4.0

Interpersonal Discussion
& Media Exposure (1-5)

2.3

3.0

2.7

2.0

2.0

Attitude:
Useful/Pleasant/Sensible
(1-6)

2.7

2.0

2.7

2.3

2.7

Injunctive Norms (1-5)

1.0

2.0

1.0

1.0

1.9

Descriptive Norms (1-5)

1.5

1.0

1.0

1.0

1.5

Race

White

White

White

White

Other

Gender

Male

Female

Male

Female

Female

Children

Yes

Yes

Yes

Yes

Yes

Religious

Yes

Yes

Yes

No

Yes

Single

Married/Partner

Married/Partner

Divorced/Widowed

Divorced/Widowed

Bachelor
degree

Associate degree or
lower

Associate
degree or lower

Associate degree or
lower

Bachelor degree

Marital Status

Education
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Employment
Income
Political Ideology

Other

Other

Other

Retired

Work full-time

Over 150k

Under 100k

100-150k

Over 150k

Under 100k

Conservative

Conservative

Conservative

Moderate

Conservative

Ready to Go
The Ready to Go cluster (n=129) was characterized by the highest scores across all
segmentation variables except for perceived risk and perceived harm to future generations from
climate change, where they lagged slightly behind the Just Add Norms cluster. The Ready to Go
cluster also showed the highest contact rate (49%) of the three clusters and the lowest mean age
(42.8 years). They appeared in between the other two clusters on all sociodemographic measures
except for religion, where they displayed the highest proportion of members who did not identify
as religious (34%).
The five most representative respondents for the Ready to Go cluster are detailed in Table
4, below.
Table 4: descriptive statistics for the five most-representative respondents for the Ready to Go cluster,
based on respondents’ Euclidean distance to the cluster centroid. Scales for continuous variables in
parentheses.
Variable

Exemplar 1

Exemplar 2

Exemplar 3

Exemplar 4

Exemplar 5

Contacted Representative

Yes

Yes

Yes

Yes

No

Age

53

43

28

31

32

Worldview: Ingenuity (15)

4.0

4.0

4.0

4.0

3.0

Future Generations Harm
(1-4)

3.0

3.0

3.0

3.0

3.0

Perceived Risk (1-5)

3.0

2.7

3.7

3.3

3.7

PBC: Calling Ability (16)

4.0

3.0

4.0

4.0

3.0

Interpersonal Discussion
& Media Exposure (1-5)

3.0

2.7

3.7

3.0

2.7

Attitude:
Useful/Pleasant/Sensible
(1-6)

4.7

4.0

3.3

4.3

3.3

Injunctive Norms (1-5)

3.3

3.4

3.3

3.5

2.5
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Descriptive Norms (1-5)

3.1

2.9

3.3

2.8

2.3

Race

White

White

White

White

White

Gender

Female

Female

Male

Female

Female

Children

Yes

Yes

Yes

Yes

No

Religious

No

No

Yes

Yes

No

Marital Status

Married/Partner

Married/Partner

Married/Partner

Married/Partner

Married/Partner

Education

Graduate degree

Bachelor degree

Associate degree
or lower

Bachelor degree

Bachelor degree

Employment

Work full-time

Work full-time

Retired

Retired

Work full-time

100-150k

Over 150k

Under 100k

100-150k

100-150k

Liberal

Moderate

Conservative

Moderate

Conservative

Income
Political Ideology

Visualizing the inter-cluster differences in mean values also shows how the three clusters
vary across these segmentation variables (Figure 1). I standardized the segmentation variables’
scores to plot all nine variables on a common graph. The Unlikely to Act cluster scored the
lowest across all segmentation variables except for two: the worldview measure of belief that
human ingenuity will solve climate change variable and age. Conversely, the Ready to Go cluster
scored the highest across all variables except for perceived harm to future generations, perceived
risk, and age. The Just Add Norms cluster score below the Ready to Go cluster but above the
Unlikely to Act cluster on five of the nine variables: perceived behavioral control, behavioral
attitude, interpersonal discussion & media exposure, injunctive norms, and descriptive norms.
They scored the highest of all clusters on two variables: perceived risk and perceived harm to
future generations.

45

Figure 1: Standardized mean scores by cluster for each segmentation variable. Unstandardized scores
are referenced in the text for readability, but standardized scores are visualized here to place all
segmentation variables on a common y-axis.

Discussion
This analysis provides additional evidence that U.S. adults have significant variation
across a range of variables that are predictive of contacting elected officials to urge climate
action. Mobilizing this climate action is necessary, and this behavioral segmentation adds
specific predictive power to the field in addition to other segmentations focused on conceptually
broader attitudes and beliefs. Here, I identified distinct segments of people using the set of nine
predictive variables I found in Chapter Two. By clustering based on behavioral predictors, my
results provide a roadmap for behavioral interventions that can efficiently promote climate
action.
Results show that the three clusters appear to vary across the segmentation variables and
their propensity to contact in key ways. These distinctions offer initial evidence towards the
types of people for whom particular issue framings are more likely to mobilize contact with
elected officials, and secondarily can help identify individuals with a higher propensity towards
contact. This knowledge can be a key ingredient in developing targeted communication
interventions to mobilize additional contact with elected officials regarding climate action.
Broadly, the most promising approach for using this segmentation to mobilize climate
action appears to be framing climate action congruent to the segment’s existing beliefs and
perceptions. Rather than attempt to bolster these characteristics when they are relatively lower in
a segment, research broadly in behavioral science and narrowly in climate action suggests that
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effective framing “go with the grain” of existing beliefs and perceptions, where possible
(Bostrom et al., 2013; Dixon et al., 2017; Hine et al., 2014).
Outreach efforts to the Ready to Go cluster should be high priority and seek to bolster
their already well-developed normative beliefs or remove behavioral constraints. Across all the
segmentation variables, the Ready to Go cluster separates the most from the other two clusters in
the two mean social norms scores: 3.04 for injunctive norms and 2.89 for descriptive norms
(both measured on a 1-4 scale corresponding to the labels “not at all” on the low end to “only a
little,” “a moderate amount,” and “a great deal,” respectively). The Ready to Go cluster perceives
both types of social norms in the vicinity of “a moderate amount.” In comparison, the other two
clusters showed unstandardized scores between 1.09-1.50 on these two measures; their
perceptions of social norms relating to contacting officials hover around “not at all.” This
appears to be a key distinction separating the Ready to Go cluster from the other two lowercontact-propensity clusters. Normative messaging to the Ready to Go cluster should mix both
injunctive and descriptive norms to support and enhance their positive normative beliefs
regarding contacting elected officials.
Descriptive statistics on the five cluster exemplars for the Ready to Go cluster provide
evidence regarding how to structure this normative messaging. The exemplars are nearly entirely
white females, married with children, and on the higher end of the scales for both educational
attainment and income. Normative messaging should be based on these details, for instance by
using a female spokesperson with a family and a successful career.
Additionally, structural behavior-change strategies could complement messaging along
the existing well-developed beliefs in the Ready to Go cluster (Gifford et al., 2011). These
strategies are outside the scope of this thesis but aim to change the context surrounding a
decision such as calling an elected official. One example is “patch call” systems that allow
activists to immediately patch prospective callers directly to the callers’ relevant elected official,
thus removing a barrier and making the behavior easier to enact.
Outreach to the Just Add Norms cluster should center on bolstering the perceptions and
beliefs that most separate this cluster from the higher-contact-propensity Ready to Go cluster
before addressing behavioral constraints. The low injunctive and descriptive social norms scores
for this segment provide a potentially valuable opportunity to enhance these beliefs through
normative messaging tailored to this cluster’s sociodemographic profile, consistent with research
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highlighting the powerful influence of social norms when the target behavior has a normative
component (Velez & Moros, 2021). The Just Add Norms cluster exemplars’ most identifying
characteristics were that they have children, are religious, and politically conservative. These
characteristics can be used to identify promising spokespeople for normative messaging to this
cluster.
Additionally, the Just Add Norms cluster displayed higher mean segmentation variable
scores than the higher-contact-propensity Ready to Go cluster on only two variables: beliefs of
climate change’s harm to future generations (3.93) and personal risk from climate change (3.64).
This hints at the possibility that framing climate change in terms of personal risk could be an
effective issue framing for a smaller yet meaningful segment of U.S. adults. This framing should
be approached with caution, however, as research shows that highlighting personal risk can
cause reactance rather than the desired behavior (Bostrom et al., 2013; Noar et al., 2007). A final
framing strategy for the Just Add Norms cluster could attempt to counteract their belief of
climate change as a temporally distant problem, as evinced by their high beliefs of climate
change’s harm to future generations. In Chapter Two I found this variable to be negatively
associated with contacting officials, so emphasizing climate change as an urgent present problem
rather than an issue for the uncertain future could help mobilize action (Wilson & Orlove, 2021).
Developing meaningful connections and relevant messaging for the Unlikely to Act
cluster will be the most challenging of the three clusters. However, the Unlikely to Act cluster’s
exemplars suggest some starting points for outreach. The exemplars are nearly entirely white
females with children, consider themselves religious, and are in the lowest annual income
bracket (under $100k per year). This profile could be used as a starting point for messaging to
this cluster, such as in the service of encouraging interpersonal discussion or as a reference group
spokesperson for normative messaging.
The Unlikely to Act may face relatively higher barriers to climate action, such as less
perceived time to engage in action. To counteract this, outreach could focus on the segmentation
variables where this cluster shows some receptivity, such as bolstering their perceived behavioral
control and encouraging interpersonal discussion. Though this cluster showed low levels of both
descriptive and injunctive norms, careful use of normative messaging that aligns with respected
people or clusters for this cluster should be considered since normative messaging can be
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effective even when existing normative perceptions are low or unfavorable attitudes to the
behavior in question exist (Cialdini & Jacobson, 2021).
Thus, normative messaging should be considered for all three clusters, but the specific
approach should differ in terms of type of normative messaging (injunctive, descriptive, or
potentially even dynamic norms), and whether the message bolsters existing normative beliefs or
seeks to correct misperceptions.
This behavior-centric segmentation holds promise for mobilizing increased climate
activism, yet important questions remain. There are three main ethical considerations involved in
this approach. The first is representativeness. Does this approach marginalize certain groups who
are under-represented in our sampling frame, such as the less-educated or non-white ethnicities,
or marginalize those not represented at all, such as those under 18 years old or over 75 years?
Secondly, there may be contexts where the effective short-term strategy for climate action
undermines or conflicts with long-term effective collective action on climate change. A person
with a primarily individualistic mental model of the world may be mobilized for climate activism
in the short term by messaging that aligns with this mental model, yet this could also be counterproductive to long-term engagement if that mental model is not conducive to understanding the
severity of the climate change threat and the systemic, collective action needed to address it
(Goldberg et al., 2020).

Opportunities for Future Research
The aim of this study was to identify different segments of American adults based on
their makeup of predictive factors for the action of contacting elected officials. In comparison to
the predominant approach to climate action segmentation, I took a more behaviorally-oriented
approach to segmentation. This approach trades some of the broad applicability found in existing
segmentation approaches for a narrower focus on specific behavior. Depending on program
goals, this trade-off may be attractive for climate activists seeking to mobilize the most climate
action given limited resources.
A necessary next step is empirically testing messaging based on this segmentation and
tailoring approach. More work is needed to prove that the tailored messaging informed by this
segmentation analysis is effective compared to an untailored, control message. Like the
conservation sphere, there is room for climate activists to broaden their focus from descriptive
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and correlational studies to include these types of social marketing empirical tests that produce
tangible behavioral change (Metcalf, Angle, et al., 2019; Reddy et al., 2017).
This testing will require extending the segmentation analysis to include additional
psychographic and other targeting data that can be used to find members of these segments via
practical online and social media communications channels (e.g., Facebook) without conducting
additional surveys. For climate activists faced with limited resources, surveys are not always
possible or desirable. They can be costly both in terms of time and money, and address an
inefficiently broad population relative to program goals.
Many existing segmentation analyses create detailed audience segments, yet do not
provide practitioners seeking to deliver tailored messaging based on the segmentation a way to
identify who those individuals are without running a survey of their own to replicate the
segments with known members. One approach to address this is through appending publicly
available personally identifying information (PII) to the segmentation dataset. This information
is increasingly widespread, granular, and affordable through private vendors (Blasco-Arcas et al.,
2022). These consumer data can be appended onto a dataset such as this segmentation, allowing
practitioners to combine information on segment membership with specific, individual-level
targeting data such as sociodemographics, consumer behavior, and voting history. This targeting
data can be used to customize delivery with widespread online channels such as Facebook or
Twitter or online display advertisements through Google or other third parties.
Finally, this can be combined with a microtargeting approach whereby the consumer data
is analyzed to predict behavioral propensity at the individual level (Barbu, 2014; Berry & Linoff,
2004; Metcalf, Angle, et al., 2019). For a segmentation like the current study where cluster
membership is in the hundreds, understanding behavioral propensity does not hold as much
practical usefulness. But many climate activists face communications contexts where cluster
membership rises into the thousands or tens of thousands. Here, the two-pronged approach of
developing tailored messaging via segmentation and identifying intra-cluster behavioral
propensity shows the most promise for delivering cost-effective behavioral change.
Some contexts may make this targeting & tailoring approach with a live audience
unappealing, such as low organizational risk tolerance or proposed tailored messaging that
substantially diverges from current strategy. In these cases, an alternative approach could be to
test tailored messaging using an additional survey or focus group of identified clusters, then
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extend the segmentation using publicly available consumer data. In addition, it’s worth noting
that the field of neuroeconomics shows promise as an alternative for testing messaging using
additional surveying or focus groups. Initial evidence shows neuroeconomic results from
relatively small groups could be used to predict aggregate choice at the population level more
effectively than self-report data, making this approach potentially useful for climate activists
who wish to further test tailored messaging before deploying at scale (Falk et al., 2012; Knutson
& Genevsky, 2018; Sawe & Chawla, 2021).
There is also opportunity for more qualitative and mixed-methods approaches to
contribute additional detail to climate change segmentation research, as most studies in this field
rely on quantitative data (Metag & Schäfer, 2018). Future studies could use a mixture of
quantitative and qualitative data to identify segments, and/or dig deeper into quantitatively
identified segments by examining segments with qualitative methods. This could help shed light
on how people in a specific segment develop their behaviorally relevant beliefs and perceptions,
potentially informing even more effectively tailored communications (Seemann, 2012).
The current analysis points towards potentially compelling ways to frame the action of
contacting elected officials, such as via social norms, emphasizing the temporal urgency of
climate action, or highlighting one’s control over the action. However, many variables beyond
the message emphasis determine communication effectiveness. Delivery strategies such as
messenger effects can influence effectiveness (Fielding et al., 2020), visual design accompanying
the message (Kreuter et al., 1999), and delivery channel (Moser, 2010). More research is needed
to test these issue framings and potentially confounding variables for each of the segments.
Detailed interventions and marketing strategies should be developed based on the
identified segments of this study. The efficiency of the strategies could be tested by providing
them to the respective audience segment, measuring communication efficacy with actual
behavior such as contact with elected officials via trackable online actions, and implementing the
most effective communications for each segment. This would be an important step in the
development of tailored, effective marketing and intervention strategies to increase this
important form of collective climate activism.
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Conclusion
Segmentation analyses can be an important part of narrowing the adaptation and
mitigation deficits to climate impacts. They can advance our understanding of climate change
communications at multiple levels, from psychographic segmentations of population-level trends
to narrower behavioral segmentations of specific climate action. As a society, we need both
approaches, but for the climate activist or manager faced with mobilizing the most activism
given limited resources, understanding behavioral-based segments are most immediately useful.
In this analysis I identified three behavioral segments (the Unlikely to Act, Ready to Go, and Just
Add Norms) with different messaging and intervention opportunities. Using this approach,
climate activists may increase outreach effectiveness, but more work is needed to identify cluster
members without additional survey work. Microtargeting is a promising analytics approach to
overcome this barrier, and my upcoming M.S. in Business Analytics capstone project will
explore this approach regarding climate action. More work is also needed in evaluating
messaging outcomes using these approaches, such as in randomized controlled trials. Altogether,
this work points to the power of recognizing our differences, through segmentation, while also
elevating the strength that lies in the commonalties that bring us together for collective action.
My hope is this balance can be a key part of mobilizing unprecedented climate action to go along
with these unprecedented times.
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Appendix Three

Figure 3.1: Clustering Validation Results. Top Row, L-R: Elbow method, Average Silhouette Method.
Middle Row, L-R: Cluster Visualization via Principal Components, 30 Indices Method. Bottom Row, L-R:
Gap Statistic.
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Table 3.2: Descriptive statistics, grouped by cluster.
Variable

Unlikely to Act

Ready to Go

Just Add Norms

147

129

177

0

63

19

54.7

42.8

52.1

White

77.6%

84.5%

84.7%

Other

22.4%

15.5%

15.3%

Male

57.8%

53.5%

45.2%

Female

42.2%

46.5%

54.8%

Children

78.9%

85.3%

89.8%

No Children

21.1%

14.7%

10.2%

Religious

77.6%

65.9%

76.3%

Not Religious

22.2%

34.1%

23.7%

Married / Partner

61.9%

67.4%

58.8%

Divorced / Widowed

12.2%

7.8%

10.2%

Single

25.9%

24.8%

31.1%

n
Actual Contacted
Mean Age
Race

Gender

Children

Religion

Marital Status

Education
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Assoc Deg. or Less

29.3%

39.5%

40.7%

Bachelor's Deg.

45.6%

34.9%

31.1%

Graduate Deg.

25.2%

25.6%

28.2%

Work Full-Time

63.3%

55.0%

47.5%

Other

18.4%

19.4%

22.0%

Retired

18.4%

25.6%

30.5%

Under 100k

54.4%

51.9%

49.2%

100k-150k

27.9%

26.4%

25.4%

Over 150k

17.7%

21.7%

25.4%

Liberal

38.8%

27.1%

20.9%

Moderate

39.5%

37.2%

47.5%

Conservative

21.8%

35.7%

31.6%

Employment

Income

Political Ideology
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